Abstract An algorithm for estimating haplotypes associated with several quantitative phenotypes is proposed. The concept of a receiver operating characteristic (ROC) curve was introduced, and a linear combination of the quantitative phenotypic values was considered. This set of values was divided into two parts: values for subjects with and without a particular haplotype. The goodness of its partition was evaluated by the area under the ROC curve (AUC). The AUC value varied from 0 to 1; this value was close to 1 when the partition had high accuracy. Therefore, the strength of association between phenotypes and haplotypes was considered to be proportional to the AUC value. In our algorithm, the parameters representing a degree of association between the haplotypes and phenotypes were estimated so as to maximize the AUC value; further, the haplotype with the maximum AUC value was considered to be the best haplotype associated with the phenotypes. This algorithm was implemented by using R language. The effectiveness of our algorithm was evaluated by applying it to real genotype data of the Calpine-10 gene obtained from diabetics. The results showed that our algorithm was more reasonable and advantageous for use with several quantitative phenotypes than the generalized linear model or the neural network model.
Introduction
Quantitative trait locus (QTL) analysis is a method used to find DNA markers associated with a quantitative phenotype. QTL analysis has a long history in statistical genetics, and work in many theoretical and practical studies has involved QTL analysis. Shibata et al. (2004) recently developed the algorithm QTLhaplo for estimating haplotypes associated with an observed quantitative phenotypic value based on the maximum likelihood method. However, in many cases, multiple quantitative phenotypic values are available for a subject. QTLhaplo requires that one quantitative phenotype be selected by clinical experience or that all phenotypes be selected in a sequential manner.
Machine learning models are also used for QTL analysis. For example, a Bayesian network model (Sebastiani et al. 2005 ) and a graphical model (Thomas et al. 2004 ) have been used to express the association between several genes and phenotypes. An advantage of using machine learning models for QTL analysis is that several phenotypes are available as variables. However, most machine learning models do not consider genetic laws, and it is assumed that the random component of genetic laws can be approximated by the models. Moreover, since the structure of such a machine learning model is very complicated, the characteristics of the data from the results obtained are usually difficult to understand. On the other hand, statistical models have been also used. Yi et al. (2003) applied a linear model to explain the relationship between quantitative phenotypes and markers. In order to consider genetic laws, many parameters are introduced into the model and are estimated by using the Markov Chain Monte Carlo method. However, it is often difficult to understand the characteristics of data obtained from models with many complex parameters. Moreover, the disadvantage of models of this type is that their results depend on the method used for coding the genotype data, which are considered as categorical data, because the values of the estimated coefficients vary according to the selected coding method (Chambers and Hastie 1992) .
In addition, in QTL analysis it is noteworthy that the quantitative phenotypic value is the result of genetic factors, environmental factors, and the interaction of environmental factors with genetic factors (Fisher 1918) . Usually, a quantitative phenotypic value is based on the fact that the sum of these factors contributes to a variation in a population. In order to identify such a locus or haplotype, it is important to extract only the genetic variation from the observed quantitative phenotypic value.
In this article, we propose a new method for estimating a haplotype associated with several quantitative phenotypic values from a genotype and several quantitative phenotypic data. The aim of our method is to find the haplotype that contributes to this mixture of phenotypes, which is calculated as a linear combination of the phenotypes. As a measure for evaluating the strength of the association, we introduced an area under the receiver operating characteristic (ROC) curve (Ransohoff and Feinstein 1978; Toeteson and Begg 1988) . The ROC curve is a plot to show the tradeoff between sensitivity and specificity, and work in many theoretical aspects of this curve has been carried out (Pepe 1997 (Pepe , 1998 (Pepe , 2000 . The accuracy of a diagnostic test can be evaluated by the area under the ROC curve (AUC) (McClish 1989) . The AUC value varies from 0 to 1, being close to 1 when the diagnostic test has a high degree of accuracy. In our algorithm, the set of the mixture of phenotypes is divided into two parts: sets for subjects with and without a haplotype. Then, our algorithm finds the haplotype so as to maximize the AUC value between the two sets of the mixture of phenotypes. Since our algorithm is a very simple model, the results can be easily understood; further, several quantitative phenotypes are available in our model.
In this report, we explain the ROC curve and AUC, and propose their application to QTL analysis. The algorithm for QTL analysis based on the maximization of AUC is also explained. The results of numerical examples serve to illustrate the properties and the validity of our method. The results of the application of the method to real genotype and phenotype data for diabetics are also shown. The advantages of our algorithm are also compared to those of the generalized linear model (GLM). As another comparison with a machine learning model, results obtained from the neural network model are given.
Materials and methods
We aim to extract the genotypic value associated with a haplotype from several quantitative phenotypic values. Let x j , j=1, ..., p, be a quantitative phenotypic value as an n-dimensional vector with n observations. We assume that the genotypic value z can be written as a linear combination of quantitative phenotypic values,
where b j , j=1, ..., p, is the coefficient of x j . A problem in this case concerns the estimation of the coefficient vector b ¼ ðb 1 ; . . . ; b p Þ T : Since this study aims to efficiently estimate the haplotype associated with quantitative phenotypes, the coefficient b should be estimated so as to divide the individuals clearly into two parts: individuals with a haplotype and individuals without a haplotype. A problem of this type is resolved by the introduction of the concept of AUC.
Maximization of the area under the ROC curve
The ROC curve is a plot to show the tradeoff between sensitivity and specificity, and is used to evaluate a diagnostic test. The accuracy of a diagnostic test can be evaluated by the AUC. The AUC value varies from 0 to 1, being close to 1 when the diagnostic test has a high degree of accuracy.
It is well known that the AUC can be represented by the standard normal distribution function when two test results, with and without a condition, are normally distributed (McClish 1989) . In this section, we will demonstrate the estimation of the haplotype associated with quantitative phenotypic values by introducing the concept of the AUC, and an algorithm for extracting genotypic values from several quantitative phenotypic values will be proposed.
In order to apply the AUC, we introduced the dominant model for a haplotype. In other words, we divided the individuals in the data into two parts: individuals with a haplotype (G 1 ) and those without a haplotype (G 2 ). Now we want to estimate coefficient b so as to maximize the AUC value between two genotypic values z|G 1 and z|G 2 when the genotypic value z is divided into two parts, the sets z|G 1 and z|G 2 correspond to individuals with a particular haplotype and without the haplotype, respectively. However, it is complicated to describe the function of AUC in terms of b without assuming quantitative phenotypic values x j , j=1, ..., p. For simplicity, in this study, we assumed that each x j , j=1, ..., p, is independently identically distributed (i.i.d.) and that x j , given the condition G k , k=1, 2, is normally distributed,
From Eq. 2, given the above condition, the variable z is then normally distributed, 
Therefore, the coefficient b is estimated so as to maximize F ðbÞ; and the magnitude of association between the haplotype and phenotypes will be evaluated by the value of AUC F ðbÞ; whereb is the estimator of b: A detailed description of the estimation of the haplotype is given below.
Updating the algorithm by the Quasi-Newton method
The algorithm for estimating coefficient b so as to maximize the value of AUC F ðbÞ is shownin Eq. 5. For updating the parameter b; the Quasi-Newton method is used,
where b ½t is the updated parameter vector at iteration time t. Here, the p-dimensional vector f ðbÞ is derived from AUC F ðbÞ in terms of b as follows:
The function f ðbÞ 0 is also obtained by differentiating f ðbÞ in terms of b as follows:
where D is a small constant. Here, where
r y;k ¼ ðr 1y;k ; . . . ; r py;k Þ;
It is necessary to iterate the updating algorithm (Eq. 6) when the convergence of b is observed. Hereafter, we describe this method as maximization of area under the ROC curve (MARC).
Test of AUC
In order to test whether the discrimination between patients with and without a haplotype is significant, the following hypothesis testing is considered: It is known that this statistic has a standard normal distribution.
Algorithm for haplotype estimation
In this section, we propose the manner in which the haplotype associated with quantitative phenotypes is estimated by using the MARC method. Here, we assume that the genotypes and p quantitative phenotypes x 1 , ..., x p are observed as the data. Let H denote a set of all possible haplotypes from the genotypes at the locus; and an element of H is denoted as h i .
Haplotype estimation (HE)-step HE-step 1 The individuals in the data are divided into two parts: individuals with a haplotype h i (G 1 ) and without a haplotype h i (G 2 ). HE-step 2 By using the MARC method, the coefficient b is estimated so as to maximize the value of AUC F ðbÞ between z|G 1 and z|G 2 , as above.
For all h i 2H, coefficientb and the value of AUC F ðbÞ are calculated. Further, a haplotype with the maximum AUC value is the best haplotype associated with phenotypes x 1 , ..., x p .
Model selection (MS)-step MS-step 1 Consider a model that omits the single term x j . For example, a model omitting a single term from the model in Eq. 1 can be written as
MS-step 2 Calculateb and F ðbÞ by HE-steps 1 and 2 for each such model.
If the value of AUC from these models is larger than that from the previous model, it is selected as the best model, following which MS-steps 1 and 2 are followed until the AUC value decreases. Hereafter, this operation with these two steps based on MARC may be described as QTLmarc.
Software
Algorithms MARC and QTLmarc are implemented by R language. For the usage of our algorithm, please contact the corresponding author.
Results

Numerical examples
In this section, we will describe the results of two numerical applications.
Plane for partitioning
First, we will explain the meaning of coefficient b in our algorithm. We generated 1,000 samples, which are divided into two sets of 500 each: groups G 1 and G 2 . Variables X 1 and X 2 for each group are normal random numbers, given as follows:
The variable z is defined as
We then estimate the coefficients
so as to maximize the AUC for z|G 1 and z|G 2 by MARC.
The results of the estimation of b are as follows:
In order to explain the meaning of b; the scatter plot of the samples is illustrated with axis X 1 and X 2 , as shown in Fig. 1 . In Fig. 1 , s and * represent points belonging to groups G 1 and G 2 , respectively. In addition, from the results of b in Eq. 7, we plot the following line
in Fig. 1 . From this figure, it appears that the line represented by Eq. 8 divides the two groups effectively. Therefore, this result indicates that the coefficient vector b represents the normal vector of the plane for partitioning. However, since the coefficient b represents only the direction of the plane, the values of b are not unique solutions, and change according to the initial value of b in our algorithm. Further, it can be noted that the ratio of the appropriate value for b is unique.
Simulation of haplotype estimation
Next, we will demonstrate the estimation of the haplotype associated with several quantitative phenotypic values using our algorithm QTLmarc. Here, we will use simulation data generated by the R language. The simulation data has genotypes at three bi-allelic loci (alleles A or a) and two quantitative phenotypic values x 1 and x 2 for every 1,000 samples. If haplotype ''aaa'' is observed in a subject, phenotype x 1 for the subject is normally distributed with mean 1 and variance 1; conversely, x 1 corresponding to an individual without haplotype ''aaa'' is normally distributed with mean 0 and variance 1. Similarly, if haplotype ''aaA'' is observed in a subject, phenotype x 2 for the subject is normally distributed with mean 1 and variance 2; conversely, x 2 corresponding to an individual without haplotype ''aaA'' is normally distributed with a mean 0 and variance 1. In this experiment, since genotype data are available in our algorithm, it was reconstructed from the haplotype data. Table 1 shows the results of the association between haplotypes and the two phenotypes x 1 and x 2 obtained by QTLmarc. The table also shows the calculation of the P value for evaluating the significance of the AUC value as described in the Materials and methods section. From Table 1 , when the condition for partitioning is haplotype ''aaA,'' the value of AUC for haplotype ''aaA'' is optimum and the P value is small sufficiently (P =1.44·10 À15 ); followed by ''aaa.'' This result is natural in view of the manner of generation of samples. Here, it might be asked whether the signs and absolute values of the regression coefficients of haplotype ''aaA'' and ''aaa'' are sufficiently different; this is because the values are simulated so that they are positive and their absolute values are similar to each other. Here, it should be noted that it is important to compare ratio b 2 /b 1 of coefficients b 1 and b 2 for haplotype ''aaA'' with that for haplotype ''aaa.'' From Table 1, the ratios for haplotypes ''aaA'' and ''aaa'' become 9.4240 and 0.5328, respectively. These results indicate that the signs of these ratios are positive, i.e., the gradients of the lines for partitioning (in this case, the plane for partitioning becomes the line because of the two phenotypes) are identical. This result is natural because phenotypes x 1 and x 2 , corresponding to the data with haplotypes ''aaA'' and ''aaa,'' respectively, have larger values than those corresponding to the data without the haplotypes ''aaA'' and ''aaa.'' Also, the ratio 9.4240 for the haplotype ''aaA'' is larger than 1, implying that the haplotype ''aaA'' contributes more to phenotype x 2 than to phenotype x 1 . This result is natural since the phenotype x 2 is generated so as to be normally distributed with a mean of 1 for individuals with haplotype ''aaA.'' Similarly, the ratio 0.5382 for haplotype ''aaa'' is smaller than 1; this result implies that haplotype ''aaa'' contributes more to phenotype x 1 than to phenotype x 2 . This result is also natural since phenotype x 1 is generated so as to be normally distributed with a mean of 1 for individuals with haplotype ''aaa''.
Moreover, as another comparison, it can be seen that the ratio and AUC value for haplotype ''aaA'' are larger than those for haplotype ''aaa'', despite phenotypes x 1 and x 2 being normally distributed with a mean of 1. Here, it is noted that the variance of phenotype x 2 for haplotype ''aaA'' is larger than that of phenotype x 1 for haplotype ''aaa.'' The estimation of the coefficient depends not only on the mean of the data but also the variance, since the AUC function F ðbÞ depends on l and r in Eqs. 4 and 5. Since the variance of phenotype x 2 for the haplotype ''aaA'' is larger than that of phenotype x 1 for the haplotpe ''aaa,'' the AUC value for the former is thus larger than that for the latter.
The result of this experiment indicates that QTLmarc can evaluate the association between haplotype and phenotype, taking account of not only the mean of the phenotypes but also the variance of phenotypes. 
Analysis of real data
In order to evaluate the validity and effectiveness of our algorithm, we analyzed data from diabetics. This data is identical to that in Shibata et al. (2004) . The data includes genotypes of the Calpine-10 gene (three bi-allelic loci with alleles 1 and 2) and quantitative phenotypes such as height, weight, age, body mass index (BMI), blood glucose levels (BS), hemoglobin A1c (HbA1c), immunoreactive insulin (IRI) level, and insulino genic index (II). The phenotype BS includes four phenotypes-BS at 0 min (BS0), 30 min (BS30), 60 min (BS60), and 120 min (BS120). Similarly, the phenotype IRI also includes four phenotypes-IRI0, IRI30, IRI60, and IRI120. The exact data has been published by Iwasaki et al. (2005) .
Normality of phenotypes
In our algorithm, it is assumed that a quantitative phenotype is normally distributed. Therefore it is necessary to evaluate whether the quantitative phenotype we used was normally distributed. If it is not normally distributed, the evaluation of the results obtained from our algorithm may be complicated. Figures 2, 3 , 4, and 5
show the quantile-quantile (QQ) plots of 14 quantitative phenotypes that appear in the data for diabetics. If the phenotype is normally distributed, the QQ plot is a straight line. From these figures, it is natural to assume that eight phenotypes-weight, BMI, 4 BSs, IRI0, and HbA1c-are normally distributed. Therefore, henceforth, we will use the above phenotypes for analysis.
Comparison with QTLhaplo
To evaluate the validity of our algorithm, we compared the results obtained from QTLmarc with those from QTLhaplo (Shibata et al. 2004 ). Based on the result obtained from QTLhaplo, Shibata et al. suggested that the association of haplotype 112 with BS30 and BS60 was significant. To evaluate this result, we explored the haplotype associated with the two phenotypes-BS30 and BS60-by using QTLmarc. Table 2 shows the results obtained from the QTLmarc for these phenotypes.
In Table 2 , we also calculated the P value to evaluate the significance of the AUC value. From Table 2 , haplotype 112 gives the optimum AUC value significantly (P =0.0081), and this result is equivalent to that obtained from QTLhaplo. Shibata et al. (2004) also stated that the means of BS30 and BS60 for patients with haplotype 112 were larger than those without haplotype 112. In our study, this result is expressed by the sign of the coefficients for BS30 and BS60. In Table 2 , the coefficients for BS30 and BS60 are positive. This implies that QTLmarc gives equivalent results to QTLhaplo since, in our study, the means of BS30 or BS60 for patients with haplotype 112 are larger than those without haplotype 112.
Best model by QTLmarc
We also analyzed the manner in which combinations of phenotypes give rise to the optimum AUC value and the optimum haplotype associated with their phenotype. In this study, we used eight phenotypes-weight, BMI, 4 BSs, IRI0, and HbA1c-as quantitative phenotypes. Note that, for simplicity of understanding of coefficients, all phenotypes were standardized; in other words, the phenotypes were changed to variables with a mean =0 and variance =1. Unfortunately, it serves no purpose to use the variable ''Age'' as a quantitative phenotype in our algorithm since Age is not normally distributed, as shown in Fig. 2 ; further, Age may not be termed a phenotype. However, it is well known that age is a risk factor in diabetes (Iwasaki et al. 2005) . In order to solve this problem, we divided the data into two parts: patients aged 50 years and over, and those aged less than 50 years. Our aim in this study was to estimate the haplotype and the combination of phenotypes so as to maximize the AUC value for each data set-the entire data, data corresponding to age ‡50 years, and data corresponding to age <50 years. The results of the best models for all three single nucleotide polymorphisms (SNPs) tested are shown in Table 3 . Table 3 includes three results corresponding to three data sets-the entire data, data corresponding to age ‡50 years and data corresponding to age <50 years. In Table 3 , the number of candidates with a haplotype is given in the column ''Number of carriers''. In Table 3 , we now concentrate on the result corresponding to patients aged ‡50 years. Haplotype 111 gives the minimum P value (P =6.10·10 À7 ), followed by haplotypes 112 and 222. The AUC value for haplotype 111 is 0.6954. It is well known that haplotype 111 has a high diabetes risk in older Japanese subjects (Iwasaki et al. 2005) . On the other hand, the association of haplotype 112 with BS60 is stronger than any other phenotype since the coefficient of BS60 is the largest. Moreover, since all coefficients are positive, this result indicates that four phenotypes-BMI, BS0, BS60, and BS120-corresponding to patients with haplotype 112 tend to be more highly rep- Fig. 3 Quantile-quantile plot for four blood glucose (BS) levels resented than those without haplotype 112. Note that these results are equivalent to those obtained from QTLhaplo. Therefore, QTLmarc can estimate haplotypes important for diabetes. Moreover, the result obtained from QTLmarc indicates that haplotype 111 is associated with four phenotypes: BMI, BS0, BS60, and BS120; further, based on the magnitude of coefficients, BS60 gives the best association. QTLmarc can be applied to several quantitative phenotypes, and it is possible to explore the magnitude of association between the haplotypes and phenotypes.
Comparison with the generalized linear model
We now compare the predictor based on QTLmarc to the GLM. In this study, diabetes data corresponding to patients aged ‡50 years is applied. The GLM is a non-linear model for the mean and the GLM employed in this study can be written as
in the case of a no interaction model. Here, x ij , j=1,…, q, is the i-th element of the phenotypes x j . In the GLM, the expectation p i =E [y i ] is the probability of the i-th patient with a haplotype, and y i is the binary variable for the patient with or without the haplotype. The function g(p) is known as the link function. For the binary variable, it is natural to choose the logit function,
as the link function. Note that the GLM is also known as the logistic model when the response variable y is binary. Table 4 shows the result obtained from the GLM. In the GLMs, the response variable y is the binary variable for a patient with or without a haplotype, one of eight haplotypes. The explanatory variables were selected from eight phenotypes-weight, BMI, 4 BSs, IRI0, and HbA1c-based on the AIC minimization (Akaike 1973) . In Table 4 , the coefficients of the explanatory variables are given when all AIC values for the eight GLMs are simultaneously minimized. In Table 4 , explanatory variables contributing significantly to the model are indicated. In other words, the P value for deviance, which represents the magnitude of contribution of the phenotype to y, is smaller than 0.05 (Chambers et al. 1992) . The goodness of GLM is also evaluated by the AUC value in Table 4 (Qin 2000; Copas et al. 2002) . From Table 4 , in the GLM for haplotype 111, BS60 and BS120 are significantly associated with haplotype 111; this result is equivalent to the result obtained from QTLmarc, as seen in Table 3 . Our aim in this study was to find a model that gives a meaningful result-a model that can express the discrimination with or without a haplotype. However, it is difficult to compare the AUC values from GLM with those of QTLmarc since the minimization of AIC and the maximization of AUC are not equivalent as criteria of parameter estimation and model selection. In fact, the haplotypes, given the minimum of AIC and the maximum of AUC, are different from those in Table 4 . Thus, as an evaluation of discriminability by the GLM, the haplotypes can be used to evaluate the goodness-of-fit by using the predicted values obtained from the GLM. The GLM is a model used to predict the probability that the response variable takes the value 1 when the response variable is the binary 0 or 1. In this study, the GLM predicts the probability of the appearance of a patient with a haplotype by using phenotype data. In Table 4 , the mean of the probability for the existence of a patient with or without the haplotype is given. Table 4 shows that the GLMs, except the GLM for haplotype 111, are not suitable for this data since the sum of the two probabilities deviates significantly from 1. In the GLM, it is assumed that the response variable has a binomial distribution. Therefore, it is necessary for the sum of two probabilities corresponding to a carrier or non-carriers of the haplotype to be equal to 1. These results indicate that the GLM may be not suitable for estimating the haplotype associated with several phenotypes for this data.
Discussion
The advantage of QTLmarc is that several phenotypes are available for estimating the associated haplotype; further, the strength of association between the phenotypes and the haplotype and the validity of the model can be evaluated by the AUC value. However, the possibility of the estimation of the haplotype associated with several phenotypes by a machine learning model is of interest. This possibility will be explored by the analysis of the data for the diabetics aged ‡ 50 years by a neural network model.
Neural network model
The neural network (NN) model used in this study is a three-layer feed-forward neural network comprising one input layer with four neurons, one output layer with one neuron, and one hidden layer with three neurons, as shown in Fig. 6 . The neurons on the hidden and output layers are all deterministic, i.e., the output y i is a nonlinear function of the given input x ij , j=1, ..., 4, as
where w jk and h k , j=1, ..., 4, k=1, ..., 3, are the connection weights. The function f(x) is known as an activation function and a typical example is the sigmoid function, Therefore, the output y i varies from 0 to 1. In this experiment, y i is the binary 0 or 1 for the i-th patient with or without haplotype 111. The result obtained from the NN model is shown in Fig. 6 and Fig. 7 shows the ROC curve and the AUC value for evaluating the goodness-offit of the model. Figure 7 shows that the discrimination obtained from the NN model is better than that determined by QTLmarc in terms of the AUC value. (the AUC by NN is 0.8981 and AUC by QTLmarc is 0.6954). However, as shown in Fig. 6 , the results obtained from the NN model are too complicated to explain the association between phenotypes and haplotypes. Therefore, in order to explore the association between phenotypes and haplotypes, QTLmarc is more suitable than the NN model with regard to simplicity. It is also noteworthy whether discrimination based on the maximization of AUC is equivalent to the linear discrimination method (Fisher 1936) . However, it is known that the AUC value calculated using estimated parameters based on the minimization of squared error is not always equal to the maximum AUC value (Cortes et al. 2004; IBM 2004) . A comparison of the results obtained from QTLmarc with those obtained from the linear discrimination method would be worthwhile; however, this is beyond the scope of this study.
The reader may wonder how the effect of correlation between phenotypes is applied to MARC or QTLmarc. As a simple solution, the multiplicative phenotypes correlated with each other are added into the model as a new phenotype. It is reasonable to represent the interaction between variables as the multiplicative variables in various statistical models.
Another issue is whether estimation of a haplotype by QTLmarc is not in fact HE in the original sense. In QTLmarc, two haplotypes of an individual (or diplotype) are not estimated; however, whether an individual becomes a carrier or non-carrier of a haplotype as the combination of alleles is estimated. Since, in the original sense, HE implies that the diplotype configuration is unambiguously determined, it might be misunderstood that QTLmarc can determine the diplotype configuration of an individual from genotype data. However, our aim in this study is not the estimation of the haplotype but the evaluation of the association between a haplotype and several quantitative phenotypes. If the reader needs to evaluate the association between quantitative phenotypes and haplotype in the original sense, it is possible to use the haplotype estimated by other algorithms, for example, LDSUPPORT (Kitamura et al. 2002) , to evaluate the association between haplotype and phenotype. In MARC, diplotype data can be applied instead of genotype data to evaluate the association between haplotype and several quantitative phenotypes.
We conclude this paper by mentioning a theoretical problem that is yet to be resolved. In the MARC method, it is assumed that the observed phenotype is normally distributed. However, we cannot expect all observed phenotypes to be normally distributed. To solve such a problem, we can calculate the AUC value in a non-parametric manner (Zhou et al. 2002) . Moreover, the MARC is only available for a binary-discrimination problem. Therefore, our method is not applicable to the Genotype model, wherein the behavior of phenotypes changes due to the number of haplotypes. Such an expansion is mathematically easy; however, the results of the model are difficult to understand. These two problems warrant further investigation. 
